Evaluation of the effect of factors related to preparation and composition of grated Parmigiano Reggiano cheese using NIR hyperspectral imaging by Calvini, R. et al.
Food Control 131 (2022) 108412
Available online 7 July 2021
0956-7135/© 2021 Elsevier Ltd. All rights reserved.
Evaluation of the effect of factors related to preparation and composition of 
grated Parmigiano Reggiano cheese using NIR hyperspectral imaging 
R. Calvini a, S. Michelini b, V. Pizzamiglio b, G. Foca a,c, A. Ulrici a,c,* 
a Department of Life Sciences, University of Modena and Reggio Emilia, Pad. Besta, Via Amendola, 2, Reggio Emilia, 42122, Italy 
b Parmigiano Reggiano Cheese Consortium, Via J.F. Kennedy, 18, Reggio Emilia, 42121, Italy 
c Interdepartmental Centre BIOGEST-SITEIA, University of Modena and Reggio Emilia, Piazzale Europa, 1, Reggio Emilia, 42122, Italy   
A R T I C L E  I N F O   
Keywords: 
NIR hyperspectral Imaging 
ANOVA Simultaneous component analysis 
Multivariate image analysis 
Data dimensionality reduction 
Parmigiano Reggiano cheese 
A B S T R A C T   
The present study is focused on the evaluation of the effect of grater type and fat content of the pulp on the 
spectral response obtained by near infrared hyperspectral imaging (NIR-HSI), when this technique is used to 
determine the rind percentage in Parmigiano Reggiano (P-R) cheese. 
To this aim, grated P-R cheese samples were prepared considering all the possible combinations between three 
levels of rind amount (8%, 18% and 28%), two levels of fat content of the pulp and two different grater types, 
and the corresponding hyperspectral images were acquired in the 900–1700 nm spectral range. In a first step, the 
average spectrum (AS) was calculated from each hyperspectral image, and the corresponding dataset was ana-
lysed by means of Analysis of Variance Simultaneous Component Analysis (ASCA) to assess the effect of the three 
considered factors and their two-way interactions on the spectral response. Then, the hyperspectral images were 
converted into Common Space Hyperspectrograms (CSH), which are signals obtained by merging in sequence the 
frequency distribution curves of quantities calculated from a Principal Component Analysis (PCA) model com-
mon to the whole hyperspectral image dataset. ASCA was also applied to the CSH dataset, in order to evaluate the 
effect of the considered factors on this kind of signals. 
Generally, all the three factors resulted to have a significant effect, but with a different extent according to the 
method used to analyse the hyperspectral images. Indeed, while fat content of the pulp and rind percentage 
showed a comparable effect on the spectral response of AS dataset, in the case of CSH signals rind percentage had 
a greater effect compared to the other main factors. However, CSH were also more sensitive to differences as-
cribable to the natural variability between diverse Parmigiano Reggiano cheese samples.   
1. Introduction 
The Protected Designation of Origin (PDO) applied to Parmigiano 
Reggiano (P-R) cheese is also extended to grated cheese products ob-
tained by P-R cheese wheels, under the condition that the product is 
grated in the specific production area and packaged immediately af-
terwards, in order to maintain its organoleptic properties. 
All the stages of P-R production are regulated by the Specifications of 
Parmigiano Reggiano Cheese (https://www.parmigianoreggiano.com/ 
consortium/rules_regulation_2/default.aspx), which also define the re-
quirements of grated P-R cheese products. Among these, a maximum 
value is set for the rind percentage (RP) in grated P-R cheese, which 
should not exceed the 18% (w/w) value. 
In the frame of the implementation of fast and non-destructive 
methods to assess quality compliance of cheese products (Alinovi 
et al., 2019; Cevoli et al., 2013; Lei & Sun, 2019; Li Vigni et al., 2020), in 
a previous study we evaluated the potential of Near Infrared Hyper-
spectral Imaging (NIR-HSI) in the determination of rind percentage in 
grated Parmigiano Reggiano cheese (Calvini, Michelini, et al., 2020). 
NIR-HSI allows to combine the advantages of NIR spectroscopy and of 
imaging techniques, to obtain spectral and spatial information from a 
sample. Indeed, hyperspectral images (also named hypercubes) are 
three-dimensional data arrays with two spatial dimensions (x pixel rows 
and y pixel columns), accounting for pixel location on the sample sur-
face, and one spectral dimension, corresponding to the λ wavelengths 
acquired in a specific spectral range (Amigo et al., 2015; Gowen et al., 
2007, 2008). 
Thanks to the possibility of coupling both spectral and spatial 
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information, the applications of NIR-HSI are continuously growing in 
different research and technical areas, including food quality control 
(Huang et al., 2014; Lorente et al., 2012; Shan et al., 2020; Wu & Sun, 
2013), implementation of online sorting systems for waste management 
(Bonifazi et al., 2018; Calvini et al., 2018), pharmaceutical analysis 
(Roggo et al., 2005), and many others (Caballero et al., 2020; Calvini, 
Ulrici, & Amigo, 2020). Thus, NIR-HSI is particularly suitable for the 
analysis of heterogenous food matrices, like P-R grated cheese samples, 
which are composed by particles derived from both cheese pulp and rind 
with different chemical and physical properties. 
In order to extract the relevant information from hyperspectral im-
ages, it is mandatory to apply proper data analysis strategies based on 
multivariate statistics (Duchesne et al., 2012; Prats- Montalbán et al., 
2011). Furthermore, in practical applications of HSI it is often necessary 
to acquire a large number of hyperspectral images of different samples 
and to simultaneously analyse them to gain a comprehensive overview 
of the whole image dataset. In this case, it is necessary to reduce the 
relevant information contained in each three-dimensional hypercube 
into a feature vector, by means of proper data-dimensionality reduction 
methods. These feature vectors are then collected into a data matrix, 
which in turn can be analysed using common chemometric methods 
(Calvini et al., 2016; Kucheryavskiy, 2013; Oliveri et al., 2019). 
The most common approach of data dimensionality reduction con-
sists in calculating the average spectrum from each hyperspectral image 
of the dataset. This simple method is very effective for summarizing the 
overall spectral information of the sample, but it involves the loss of 
information about the variability between the single pixel-spectra of the 
image. 
For this reason, alternative methods have been proposed to retain 
also the information related to spatial variability within the images, such 
as the hyperspectrograms approach. This method consists in converting 
each hyperspectral image into a vector obtained by merging in sequence 
the frequency distribution curves of quantities obtained from a PCA 
model, named Common Space Hyperspectrogram (CSH) (Calvini et al., 
2016; Corti et al., 2017; Ferrari et al., 2013, 2015; Xu et al., 2016). 
In our previous study related to the application of NIR-HSI to 
determine rind percentage in grated P-R products, hyperspectral images 
of grated P-R cheese samples with varying levels of rind percentage were 
acquired in the 900–1700 nm spectral range (Calvini, Michelini, et al., 
2020). The hyperspectral images were converted into the corresponding 
CSH signals, which were used to calculate a calibration model to esti-
mate the RP values. The satisfactory results suggested the effectiveness 
of the proposed approach in the determination of the RP values. How-
ever, before extending this method to a practical application, it is 
necessary to estimate the effect of the main variability sources involved 
in the production of grated P-R cheese. Based on this consideration, in 
agreement with the Parmigiano Reggiano Cheese Consortium, in the 
present study we focused on fat content of the pulp and on grater type as 
the main factors potentially affecting the spectral response obtained by 
NIR-HSI in the determination of rind amount in grated P-R cheese. 
Due to the artisanal nature of Parmigiano Reggiano, the fat content 
of the cheese wheels shows a variable trend (Cevoli et al., 2015; Panari 
et al., 2003), which in turn influences rheological, mechanical, and 
textural properties of the product (Guinee et al., 2000; Rogers et al., 
2010). 
In addition, producers can prepare the grated P-R cheese products 
using two types of graters: knife mill and drum grater, which produce 
particles with different shape and dimensions. For this reason, the 
hyperspectral images of grated cheese samples can be influenced by the 
different physical properties of cheese particles due to grater type. 
Therefore, fat content of the pulp and granulometry of cheese par-
ticles modify the spectral response obtained by NIR-HSI, and these 
factors may affect the calibration models able to predict rind percentage 
from NIR hyperspectral images of grated P-R cheese. 
Based on these considerations, in this study grated P-R cheese sam-
ples were prepared according to a Design of Experiments (DOE) 
approach (Granato & de Araújo Calado, 2014), which allows to strate-
gically plan the experiments by selecting only the samples relevant to 
describe the whole experimental domain. In particular, all the possible 
combinations between three levels of rind percentage (w/w), two levels 
of fat content of the pulp, and the two grater types were considered. The 
corresponding hyperspectral images were converted to both average 
spectra (AS) and CSH, which were analysed by means of ANOVA 
Simultaneous Component Analysis (ASCA). This method, which essen-
tially consists of the generalization of ANOVA to the analysis multi-
variate datasets, was used to investigate the extent of the effect of the 
considered factors (i.e., rind percentage, fat content and grater type) and 
of their interactions on the spectral response. 
2. Material and methods 
2.1. Experimental design and cheese samples 
The grated cheese samples considered in the present study were 
provided by Parmigiano Reggiano cheese Consortium and prepared 
according to the following three-factor full factorial design:  
1. Fat content of the pulp, with two levels: pulp with high fat content 
(range: 47.0%–48.8%) and pulp with low fat content (range: 43.0%– 
44.0%);  
2. Grater type, with two levels: drum grater and knife mill;  
3. Rind percentage, with three levels: 8%, 18% and 28%. 
Based on a DOE approach, 12 mixtures of grated cheese were iden-
tified according to a three-factor full factorial design, corresponding to 
all the possible combinations between the experimental factors (3 levels 
of rind percentage × 2 levels of fat content of the pulp × 2 levels of 
grater type). It has to be highlighted that these mixtures were selected in 
a manner to be representative of the whole experimental domain. 
The grated cheese samples were provided by Parmigiano Reggiano 
cheese Consortium and three measurement sessions were planned on 
different days (A, B and C), preparing for each session the 12 grated 
cheese mixtures. In this manner, a total of 36 grated cheese samples 
were considered. 
Therefore, the mixtures identified using the DOE approach were 
repeated three times since in each session the samples were prepared 
starting from different cheese wheels matured for a period of 12 months. 
In particular, for each session two batches of Parmigiano Reggiano 
cheese, one with high fat content and one with low fat content, were 
used to obtain the rind and pulp pieces. Considering the pulp batches 
with high fat content, the corresponding fat percentages were equal to 
47.1%, 48.9% and 47.0% for sessions A, B and C, respectively; while for 
the low-fat pulp matrices, the corresponding fat content was equal to 
43.0%, 44.0% and 43.9% for sessions A, B and C, respectively. 
Then, the pieces of pulp and rind were grated with the two grater 
types. When using the knife mill (Grindomix GM 200, Retsch), cheese 
pulp was grated for 15 s with a speed equal to 4500 rpm, while cheese 
rind was grated for 30 s at a speed equal to 8500 rpm. Considering the 
drum grater, the samples were grated using a Ghizzoni mod. GS electric 
grater. 
Finally, the matrices of pulp and rind were used to obtain the mix-
tures with 8%, 18% and 28% (w/w) of rind. All the mixtures were 
further grated with the knife mill for 15 s at a speed of 4500 rpm in order 
to ensure homogeneous distribution of rind and pulp particles within 
each sample. 
The samples, each one consisting of 100 g of grated cheese, were 
stored in the dark at 4 ◦C, and were delivered to the laboratory the next 
day, where hyperspectral images were immediately acquired. 
2.2. Image acquisition and elaboration 
During each measurement session three aliquots of about 13 g of 
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grated cheese were collected from each sample and positioned in a 
plastic Petri dish with a diameter equal to 5.5 cm. The hyperspectral 
images were acquired in a manner to include in the image scene the 
three aliquots of two samples randomly selected among those delivered 
for the measurement session, and 6 hyperspectral images were acquired 
in each session, for a total of 18 hyperspectral images over the three 
sessions. In each image, the plastic Petri dishes containing the three 
aliquots of two samples were placed according to a 3 ✕ 2 chessboard 
scheme on a black silicon carbide sandpaper, used as background during 
image acquisition. The image scene also included a high reflectance 
white ceramic tile (99% reflectance) and two ceramic tiles with inter-
mediate reflectance values (89% and 46%, respectively). 
The hyperspectral image acquisition system (NIR Spectral Scanner, 
DV Optic) worked with a line-scanning configuration and consisted of a 
Specim Imspector N17E Imaging spectrometer coupled to a Xenixs Xeva- 
1.7-320 camera (320 × 256 pixels) embedding Specim Oles 31 f/2.0 
optical lens. 
The hyperspectral images were acquired in the 900–1700 nm spec-
tral range with a spectral resolution of 5 nm. However, due to the low 
signal-to-noise ratio at the edges of the spectral range, only the 131 
spectral channels between 1000 nm and 1650 nm were kept for further 
analysis. 
The measure of the high reflectance reference was used, together 
with the measure of the dark current, to convert the raw detector counts 
into reflectance values. Furthermore, the images were also subjected to 
an additional internal calibration procedure which corrects each image 
of the dataset by comparing the average reflectance values of the 
ceramic tiles and of the dark current with those measured on an image 
chosen as reference (Ulrici et al., 2013). 
In order to have a single image for each sample aliquot, the corrected 
images were then cropped and a total of 108 images were obtained (= 36 
grated cheese samples ✕ 3 aliquots). 
Subsequently, the pixels of the sandpaper background were excluded 
from each image by setting a threshold at 1100 nm wavelength. More in 
detail, only the pixels with a reflectance value measured at 1100 nm 
higher than 0.5 reflectance units were considered for further analysis, 
since they were ascribable to the grated cheese, while the remaining 
pixels were ascribable to the black sandpaper background or to the 
plastic Petri dish. In addition, also the pixels located at the edges of the 
region of interest obtained after background removal were excluded by 
applying a morphological erosion using a disk-shaped structuring 
element with radius equal to 8 pixels (Van Den Boomgaard & Van Balen, 
1992). 
The procedures for image acquisition and elaboration described in 
this section were optimised in our previous study related to the quan-
tification of rind percentage in Parmigiano Reggiano grated cheese, 
therefore further details about these aspects can be found in Calvini, 
Michelini, et al., 2020. 
The image elaboration procedures (i.e., image correction, back-
ground removal and morphological erosion) were performed in MAT-
LAB environment (ver. 9.3, The Mathworks Inc., USA) using routines 
written ad hoc. 
2.3. Data dimensionality reduction of the hyperspectral images 
2.3.1. Average spectra 
From each image of the dataset the average spectrum was calculated 
considering only the spectra of the retained pixels. The average spectra 
(AS) were then stored into a matrix with 108 rows, corresponding to the 
number of images, and 131 columns, corresponding to the spectral 
channels. Fig. 1 shows the spectra of the AS dataset coloured according 
to grater type, fat content of the pulp and rind percentage of the cor-
responding samples. 
2.3.2. Common Space Hyperspectrograms 
The hyperspectral images were also converted into Common Space 
Hyperspectrograms (CSH), which are signals obtained by merging in 
sequence the frequency distribution curves of quantities derived from a 
PCA model common to all the images of the dataset (Calvini et al., 
2016). 
In the first step of the calculation of the CSH signals, the three- 
dimensional hyperspectral images were unfolded into data matrices 
with as many rows as the number of pixels kept after image elaboration 
(i.e., background removal and morphological erosion) and as many 
columns as the number of wavelengths. Then, based on a preliminary 
analysis of the average spectra, Standard Normal Variate (SNV) was 
applied as row-wise preprocessing method of the unfolded hypercubes, 
and the preprocessed spectra were finally centered according to the 
global mean spectrum, i.e., by subtracting the mean spectrum obtained 
averaging all the retained pixel spectra of all the hyperspectral images of 
the dataset. 
Subsequently, a PC space common to all the images of the dataset 
was calculated by means of singular value decomposition (SVD) of the 
kernel variance-covariance matrix, computed as the sum of the single 
Fig. 1. AS dataset: the spectra are coloured according to grater type (A), fat 
content of the pulp (B) and rind percentage (C) of the corresponding samples. 
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variance-covariance matrices of each preprocessed and unfolded hy-
percube. In particular, the global PCA model was calculated considering 
3 principal components. 
Finally, for each hyperspectral image, the corresponding CSH was 
calculated by merging in sequence the frequency distribution curves of 
the three score vectors obtained by projecting the image onto the global 
PC space. The frequency distribution curves were calculated using a 
number of bins equal to 150, therefore the hyperspectrogram of each 
image is a vector of length equal to 450 points (= 3 PCs ✕ 150 bins). In 
addition, the frequency distribution curves of each image were nor-
malised according to the number of pixels kept after background 
removal and erosion, in order to account for the fact that every image 
has a different number of retained pixels. 
Therefore, the resulting CSH data matrix has 108 rows, corre-
sponding to the number of images, and 450 columns, corresponding to 
the hyperspectrogram variables. 
Usually, the frequency distribution curves of Hotelling’s T2 values 
and Q residuals are also included at the end of the CSH signals. However, 
a preliminary investigation of the CSH dataset calculated in the con-
ventional manner allowed to highlight that the hyperspectrogram re-
gions related to Hotelling’s T2 values and Q residuals were strongly 
affected by unwanted variations caused by the illumination system. For 
these reasons, in this study only the frequency distribution curves of the 
score vectors were included in the CSH signals. 
The conversion of the hyperspectral images into CSH signals was 
performed using Hyperpectrograms GUI, a MATLAB-based graphical 
user-friendly interface, freely downloadable from http://www. 
chimslab.unimore.it/downloads/, developed by some of the Authors 
and derived from a similar software for the analysis of RGB images 
(Calvini, Orlandi, et al., 2020). 
Fig. 2 shows the hyperspectrograms of the CSH dataset coloured 
according to grater type, fat content of the pulp and rind percentage of 
the corresponding samples. 
2.4. Data analysis 
ASCA is a chemometric method specifically developed to analyse 
multivariate datasets resulting from designed experiments, and it can be 
considered as an extension of ANOVA from univariate to multivariate 
data, which allows to interpret the variation induced by the different 
design factors (De Luca et al., 2016; Jansen et al., 2005; Smilde et al., 
2005). 
Like ANOVA, ASCA is based on the assumption that the response 
matrix obtained from a designed experiment can be decomposed in 
different effect matrices, which account for the influence of the experi-
mental factors and of their interactions. In the specific case under 
investigation, the mean centered data matrices of AS or CSH signals (X) 
can be partitioned into the matrices accounting for the variability 
induced by the effect of grater type (Xgrater), fat content of the pulp (Xfat) 
and rind percentage (Xrind) as main factors, and of their two-way in-
teractions (Xgrater £ fat, Xfat £ rind, Xgrater £ rind). In addition, the re-
siduals matrix (E) is also calculated, which accounts for the variability 
not included in the ASCA model, as schematized in Fig. 3. 
The effect matrix of each factor has as many rows as the number of 
samples, and all the rows corresponding to samples belonging to the 
same factor level contain the average response of the considered level. 
For example, in the Xgrater matrix calculated from the CSH dataset all the 
rows corresponding to samples grated with the knife mill contain the 
average signal of this level, obtained by averaging all the mean centered 
hyperspectrograms of samples processed with the knife mill. 
The effect matrices of the interactions are calculated in the same 
manner after a deflation step, i.e., after subtracting from X the effect 
matrices of the main factors. 
Then, PCA is applied to each effect matrix, obtaining a PCA submodel 
for each factor, for each interaction and for the residual matrix E. 
Therefore, each matrix resulting from ANOVA partitioning is decom-
posed by means of PCA as follows: 
Xk =TkPTk + Ek (1)  
where Xk represents the k-th effect matrix, Tk and PTk represent the 
corresponding score and loading matrices, and Ek is the corresponding 
residual matrix. 
These PCA submodels maximize the differences between level av-
erages of each effect matrix Xk, without considering the variability 
within samples belonging to the same level. 
In order to compare the magnitude of the differences between factor 
levels with the residual variability, the effect matrix can be summed 
with the ASCA residual matrix E, and the resulting (Xk + E) matrix is 
then projected onto the Pk loading space: 
TXk+E =(Xk +E)Pk (2) 
The score matrix TXk+E obtained from Eq. (2) allows to evaluate the 
residual variability in the PC subspace of factor k (Zwanenburg et al., 
2011). 
When dealing with the interaction terms, the interpretation of the 
PCA submodels calculated as expressed in Equations (1) and (2) is 
Fig. 2. CSH dataset: the signals are coloured according to grater type (A), fat 
content of the pulp (B) and rind percentage (C) of the corresponding samples. 
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generally not intuitive, since these models represent the deviation of a 
particular combination of levels from the overall effects of the corre-
sponding factors. To overcome this issue, the PCA model can be calcu-
lated on the matrix obtained by summing the two effect matrices of the 
single factors and the effect matrix of the corresponding interaction 
(Bertinetto et al., 2020). 
The extent of the contribution of each factor or interaction can be 
expressed using the sum of squares of the elements of the corresponding 
effect matrix: 
SSQk =X2k (3)  
where SSQk is the sum of squares of the effect matrix Xk of factor k. 
The significance of an effect can be assessed by comparing SSQk with 
the distribution of values corresponding to the null hypothesis (i.e., the 
considered effect has no significance), which can be non-parametrically 
estimated using a permutation test. If SSQk is systematically larger than 
the values of such a null distribution with a defined significance level, 
the tested effect can be considered as statistically significant. In this 
study, the permutation test was performed considering 1000 permuta-
tions and a significance level equal to 0.05. 
Before data analysis using ASCA, the AS dataset was preprocessed 
using SNV and mean centering, while the CSH dataset was preprocessed 
using mean centering. 
Data preprocessing and data analysis with ASCA were performed 
using the PLS_Toolbox software (v. 8.8.1) running under MATLAB 
environment. 
3. Results and discussion 
3.1. ASCA of average spectra dataset 
The application of ASCA to the mean centered AS matrix allowed to 
partition the variability of the dataset into seven matrices accounting for 
the effect of the three main factors (ASgrater, ASfat, ASrind), their two- 
way interactions (ASgrater£rind, ASgrater£fat, ASfat£rind) and the re-
siduals (ASRESIDUALS = E). The percentage of variance retained by each 
matrix resulting from ASCA partitioning of the AS dataset is reported in 
the second column of Table 1. All the three main factors resulted to have 
a significant effect on the spectral response, while considering their two- 
way interactions only the interaction between grater type and fat 
content of the pulp was not significant based on the permutation test. 
Fat content and rind percentage are the factors with the greatest 
effect on the spectral response, with a comparable effect in terms of 
explained data variance, each one accounting for about 30% of total 
variability. 
The results of the PCA submodel related to rind percentage (ASrind) 
are reported in Fig. 4A and Fig. 4B. In particular, this model allows to 
evaluate the effect of rind percentage on the spectral response regardless 
of the other considered factors, i.e., of fat content and grater type, by 
projecting onto the submodel loading space the effect matrix ASrind 
summed with the ASCA residuals matrix E, as defined in equation (2). 
Comparing the score plot in Fig. 4A with the corresponding loading 
vector reported in Fig. 4B, it is possible to observe that the samples with 
the highest amount of rind are located at positive PC1 score values, and 
that positive loading values can be found in the spectral region falling in 
the 1320–1390 nm wavelength range, which includes the C–H bond 
combination band, ascribable to lipids (Burns & Ciurczak, 2008, chap. 
17, pp. 356–357; ̌Sašić & Ozaki, 2000). In the same manner, the samples 
with RP values equal to 8% are placed at negative PC1 score values, and 
negative PC1 loading values can be found in the spectral regions 
centered at 1070 nm, corresponding to the N–H bond first overtone 
(proteins) and in the spectral region falling in the 1420–1520 nm, which 
includes the first overtone of O–H and N–H bonds, ascribable to the 
presence of bound water and proteins (Ozaki, 2002). For a proper 
evaluation of these outcomes it must be recalled that the spectra were 
acquired in reflectance mode: increasing reflectance values correspond 
to decreasing absorbance values, thus to decreasing concentrations of 
the chemical species absorbing in the relevant spectral bands. 
Therefore, the interpretation of PC1 scores and loadings suggests that 
samples with higher amount of cheese rind have higher protein content 
and higher levels of bound water, while samples with lower rind per-
centage have a higher amount of fat. As pointed out by previous studies, 
the differences in composition between the inner and the outer part of 
cheese wheels are mainly due to the centripetal trend of biochemical 
processes occurring during maturation, such as dehydration, lipolysis 
and proteolysis (Alinovi et al., 2019; Malacarne et al., 2009; Malegori 
et al., 2021; Priyashantha et al., 2020). 
In order to investigate the interaction between grater type and rind 
percentage, the corresponding PCA submodel was calculated consid-
ering the matrix obtained by summing ASGRATER + ASRIND + ASGRATER£RIND 
(ASGRATER þ RIND þ GRATER£RIND) for a better interpretability of the results. 
Following the same procedure described in Section 2.4 for the main 
factors, also in this case the (ASGRATER þ RIND þ GRATER£RIND þ E) matrix was 
projected onto the PC subspace obtained from the decomposition of 
ASgrater þ rind þ grater£rind, to evaluate also the sample variability 
associated with the two factors and their interaction. 
The corresponding PC1 score plot is reported in Fig. 4C. In this case 
PC1 describes the variability associated with the different levels of rind 
percentage. It can be observed that the samples grated with the drum 
grater (represented with triangles) show a greater variation depending 
on the RP values with respect to those grated with the knife mill (rep-
resented with circles). This behaviour could be explained by considering 
the effect of different particle sizes on the spectral response, due to 
scattering phenomena. 
Fig. 3. Schematic representation of ASCA decomposition of AS and CSH datasets.  
Table 1 
Results obtained from ASCA applied to AS dataset and CSH dataset: for each 
dataset, the corresponding column reports the percentage of variance explained 
by each factor.  
Factor AS dataset CSH dataset 
GRATER TYPE 14.85% 4.70% 
FAT CONTENT 30.21% 11.69% 
RIND PERCENTAGE 30.34% 19.68% 
GRATER ✕ FAT 0.36% * 1.83% 
GRATER ✕ RIND 4.67% 3.05% 
FAT ✕ RIND 1.97% 5.58% 
RESIDUALS 17.60% 53.47% 
* not significant term (p > 0.05). 
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Alinovi et al. (2019) used image analysis to evaluate size and shape 
differences of cheese particles obtained by grating the inner and outer 
parts of P-R cheese wheels using a drum grater. Their study showed that 
grated rind is characterized by finer particles with a fibrous shape, while 
grated pulp has particles with a more spherical shape. This behaviour is 
due to the different mechanical properties of P-R rind and pulp, which in 
turn are mainly influenced by the differences in moisture content of 
inner and outer parts of the cheese wheel (Campbell et al., 2007; Haddad 
et al., 1999). The effect of a knife mill on cheese particles has not been 
reported in literature, however grater type could affect size and shape of 
the particles. In particular, drum graters tend to produce more elongated 
particles, while knife mills tend to produce particles with a regular 
round shape (Paulrud et al., 2002). Given these considerations, we 
suppose that the difference in shape between rind and pulp particles is 
less pronounced when the cheese is grated with the knife mill, resulting 
in a lower variation of the spectral response with varying RP values, as 
observed in Fig. 4C. 
The effect of grater type is more evident on rind particles and, for this 
reason, in Fig. 4C the difference between samples prepared with the two 
grater types is not evident when the amount of rind is low (samples 
reported in blue colour correspond to 8% RP values), while it becomes 
clearly visible with increasing rind percentages (samples reported in 
Fig. 4. ASCA results obtained from AS dataset: scores of projected effect plus residuals matrix (A) and loading vector (B) of the PCA submodel calculated from the 
ASRIND effect matrix; scores of projected effects plus residuals matrix (C) and loading vector (D) of the PCA submodel calculated from the ASGRATER þ RIND þ GRATER£RIND 
matrix; scores of projected effects plus residuals matrix (E) and loading vectors (F) of the PCA submodel calculated from the ASFAT þ RIND þ FAT£RIND. 
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green and red colour correspond to 18% and 28% RP values, 
respectively). 
The PC1 loading plot of this model is reported in Fig. 4D, which 
clearly resembles the loading plot of the previous model (Fig. 4B), but 
with opposite sign. This confirms that PC1 essentially describes the ef-
fect of RP rather than the effect of grater type, consistent with the higher 
percentage of variance accounted for by RP with respect to the per-
centage of variance accounted for by grater type (Table 1). 
In the same manner, to evaluate the interaction between fat content 
of the pulp and rind percentage, the corresponding PCA submodel was 
calculated considering the ASfat þ rind þ fat£rind matrix (resulting from 
the sum of ASfat, ASrind and ASfat£rind), and then the (ASgrater þ rind þ
grater£rind þ E) matrix was projected onto the PC subspace. The corre-
sponding PC1-PC2 score plot is reported in Fig. 4E, where it is possible to 
observe that objects displacement is related both with rind percentage 
and with fat content. In particular, moving from the upper right to the 
lower left corner of the graph the samples are generally arranged ac-
cording to increasing fat content, while moving from the upper left to 
the lower right corner of the graph the samples vary according to their 
RP value. Generally, the cheese samples with a low amount of fat (light 
colours) are more grouped and present a more regular trend according to 
rind percentage, with respect to the samples with a high amount of fat. 
In particular, it is possible to observe the peculiar behaviour of the group 
of samples with high fat content that have been inscribed in the ellipse in 
Fig. 4E. Indeed, all these samples lie at lower PC2 values with respect to 
the other high-fat content samples with the same RP values. For 
example, the samples inscribed in the ellipse with RP = 8% and high fat 
content (dark blue symbols) lie at lower PC2 values with respect to the 
other high fat content samples with the same RP value, i.e., with respect 
to the other samples represented with dark blue symbols that lye at 
positive values of PC2. It was found that the samples inscribed in the 
ellipse were imaged in the second measurement session. Recalling that 
for each measurement session two different cheese wheels were used, 
one with a low and one with a high fat content, it must be underlined 
that Parmigiano Reggiano cheese is an artisanal product, thus the “high 
fat” and the “low fat” levels do not correspond to two fixed values, but to 
two distinct fat content ranges. Therefore, the position in the PC1-PC2 
score plot of the high-fat content samples of the second measurement 
session suggests that they were prepared from a cheese wheel with a 
higher fat content, compared to the samples of the other measurement 
sessions. Indeed, the high-fat content samples of the second measure-
ment session were prepared from a cheese wheel with a fat content equal 
to 48.9%, that was significantly higher than the value measured on the 
cheese wheels used for the other two sessions (47.1% and 47.0%). 
A similar behaviour is also observed for a group of low-fat content 
samples with RP value equal to 28%, which correspond to those 
measured during the third session, and that show lower PC2 values 
compared to the similar samples. 
In accordance with these considerations, the residuals account for 
17.60% of data variability, which is greater than the effect of grater type 
factor (14.85%). This is due to the fact that the residuals mainly account 
for the differences between diverse measurement sessions, which in turn 
essentially consider the variability between the different cheese wheels, 
coming from different cheese factories. 
Concerning the PC1-PC2 loading plot reported in Fig. 4F, the PC1 
loading vector is similar to the corresponding vector reported in Fig. 4B, 
but with a higher positive contribution of the spectral region centered at 
about 1210 nm, corresponding to the C–H bond second overtone (Burns 
& Ciurczak, 2008, chap. 17, pp. 356–357; Šašić & Ozaki, 2000). The 
same spectral region is also the one that provides the main positive 
contribution to the PC2 loading vector, which is consistent with the fact 
that the samples with the highest fat content are found at negative 
values of both PC1 and PC2 in Fig. 4E. 
3.2. ASCA of CSH dataset 
In our previous study to evaluate the feasibility of using NIR-HSI to 
determine the rind percentage in grated Parmigiano Reggiano cheese 
samples (Calvini, Michelini, et al., 2020), the calibration models were 
calculated starting from the CSH signals of the hyperspectral images. In 
order to evaluate the effect of the considered factors on these signals, 
ASCA was also applied to the CSH matrix obtained from the hyper-
spectral images acquired in this study, and the corresponding results are 
reported in the last column of Table 1. Interestingly, the residuals ac-
count for 53.47% of data variance; a further investigation of this effect 
through the corresponding PCA submodel allowed to verify that the 
residuals mainly describe the peculiar behaviour of some samples, in 
particular those analysed in the second measurement session, as previ-
ously outlined in the discussion of the ASCA submodel of ASFAT + RIND +
FAT×RIND matrix (Section 3.1, Fig. 4E and F). 
Among the main experimental factors, rind percentage has the 
highest effect, accounting for 19.68% of data variance, followed by fat 
content (11.69%) and grater type (4.70%). The results of the PCA sub-
model related to the effect matrix CSHrind (that was analysed in the 
same manner as it was previously done for ASrind in Section 3.1) are 
reported in Fig. 5A. In the PC1 score plot (Fig. 5A) it is possible to 
observe that the CSH signals are displaced according to the extreme 
levels (8% and 28%) of RP values of the cheese samples, while the 
samples with RP equal to 18% have mainly PC1 values equal to those of 
the samples with RP equal to 28%. The corresponding PC1 loading 
vector (data not shown for conciseness reasons) showed that the major 
contribution to this separation is given by the CSH regions related to PC2 
of the global PCA model and reflects the shift of the peaks of the CSH 
signals related to different RP values, as reported in Fig. 2C. 
Considering the two-way interactions, all interactions resulted to be 
significant in the ASCA model, but the FAT × RIND interaction has a 
greater effect (5.58% of data variance) compared to GRATER × RIND 
and GRATER × FAT interactions. 
To better evaluate the effect of FAT × RIND interaction, the corre-
sponding PCA submodel was calculated considering the matrix obtained 
by summing CSHGRATER + CSHRIND + CSHGRATER£RIND (CSHGRATER þ RIND þ
GRATERXRIND) and then the (CSHGRATER þ RIND þ GRATERXRIND þ E) matrix was 
projected onto the so-obtained PC subspace, following the same pro-
cedure previously described in Section 3.1 for the AS dataset. In this 
case, PC1 mainly describes the variation ascribable to the different rind 
percentage levels (Fig. 5B). Concerning the high-fat content samples, it 
is possible to observe a group (inscribed in the ellipse in Fig. 5B) that lies 
at lower PC1 values with respect to the other high-fat content samples 
with the same RP values, corresponding to the same samples already 
discussed in Section 3.1 (Fig. 4E). Similarly, the same group of low-fat 
content samples with RP value equal to 28% that in were found at low 
PC2 values in Fig. 4E is found at low PC1 values also in Fig. 5B, sug-
gesting that the use of two completely different data dimensionality 
reduction approaches such as AS and CSH showed a similar ability to 
identify differences between samples coming from different cheese 
wheels. 
4. Conclusions 
This study of NIR hyperspectral images of grated Parmigiano 
Reggiano cheese was aimed at evaluating the effect on the spectral 
response of three factors, namely grater type, rind percentage and fat 
content of the pulp. The grated P-R cheese samples were prepared ac-
cording to a full factorial design, and the corresponding hyperspectral 
images were then converted in signals by means of two data dimen-
sionality reduction methods, i.e., average spectra (AS) and Common 
Space Hyperspectrograms (CSH). This allowed to evaluate the effect on 
the spectral response of the three considered factors and of their in-
teractions by analysing with ASCA both the AS and the CSH datasets. 
The analysis of both the datasets revealed that all the considered 
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factors have a significant effect. In particular, fat content of the pulp and 
rind percentage generally showed the greatest effect on the spectral 
response. When considering the AS dataset their effect was comparable, 
while for the CSH dataset rind percentage showed a higher effect with 
respect to fat content. However, the variance retained by the ASCA re-
siduals matrix was higher in the model calculated on the CSH dataset 
with respect to the model calculated on the AS dataset. This fact suggests 
that the CSH signals are more influenced by the natural variability be-
tween different P-R cheese wheels, that was considered in the ASCA 
models as residual variability. 
Therefore, with the future perspective of developing robust calibra-
tion models able to predict rind percentage from NIR hyperspectral 
images of grated P-R cheese, the results of this study suggest that it is not 
possible to ignore the influence of the considered factors and of the 
artisanal nature of this food product. In turn, this requires the extensive 
analysis of a large amount of cheese wheels coming from different dairy 
factories. Furthermore, since AS and CSH approaches retain comple-
mentary information about the hyperspectral images, these two data 
dimensionality reduction strategies can be coupled through data fusion 
methods to enhance the performance of the estimate of rind percentage. 
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